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1. Introduction 
 
Air transport research in its various guises analyzes the structure of air transport connections, both on 
their own terms and in their role as a catalyst of wider economic and social developments at various 
scales (Button & Yuan, 2013; Lin, 2014; O’Connor & Fuellhart, 2012; Taaffe, 1956). The increasing 
relevance of the research field at large has been fueled by the observation that both the size and the 
impact of air transport has been increasing over the past decades (Air Transport Action Group, 2008; 
Ishutkina & Hansman, 2008). For example, passenger numbers have been soaring, more than tripling 
from 1.025 billion in 1990 to 3.227 billion passengers in 2017 worldwide1, with IATA forecasting these 
numbers to double again by 20362. Against this backdrop, researchers have sought to better 
understand the impact and evolution of air transport, including new and better ways of modeling air 
transport networks and their many effects.  
 
One of the most critical challenges in air transport research is the uneven availability and formatting of 
data (e.g. Derudder and Witlox, 2005). While there has been a growth and diversification in data 
collection strategies over the past few years (Poorthuis & Zook, 2017), air transport researchers still 
face a limited choice of data sources that may or may not provide information in the desired format 
and/or detail. When zooming in on researching air transport networks in and of themselves, there are 
two options. The first option is to build a database from scratch, which in this day and age most often 
entails collecting web-based air travel data. This can either be done by (1) using or developing a web 
Application Programming Interface (API) to access a meta-search engine or online route planner and/or 
by (2) ‘screen-scraping’ online route planners or meta-search engines (e.g. Grubesic and Zook, 2007). 
The second option is to use primary datasets and the tools provided to access them. This varies from 
freely available raw data to sometimes quite expensive databases with bespoke analytical and 
visualization tools as well as structured APIs (e.g. Google Flights and the Official Airline Guide (OAG) 
data).  
 
In this paper, our focus will be on a publicly accessible and arguably one of the most widely used primary 
air transport datasets: the data provided by the United States Bureau of Transport Statistics (BTS), and 
its Origin Destination Survey (DB1B) in particular. Analyses based in the DB1B datasets are 
geographically circumscribed in that the data are restricted to information on domestic flights and 
international flights departing from/arriving at United States airports. In addition, the DB1B dataset is 
a 10% sample of reported tickets rather than a full dataset. In spite of this focus on a sample of US-
centered flights, the importance of the DB1B dataset in air transport research cannot be 
underestimated (Mao, Wu, Huang, & Tatem, 2015; Neal, 2010, 2014; Seshadri, Baik, & Trani, 2007). 
There are two reasons for this. First, the data ‘feeds’ parts of some of the other well-known datasets. 
For example, in the case of the OAG, the DB1B data is used by drawing on the following simple method: 
“DB1B is a 10% sample of an airline’s tickets, then ‘adjusted’ to estimate 100% of the market by 
multiplying the data by a factor of 10” (OAG, 2015). Second, the detailed info and the consistent way 
in which data are gathered make the BTS datasets ideal for air transport research. For example, Neal 
(2010) uses BTS data to provide an overview of the use of air traffic networks for urban research by 
building models of urban-economic flows. Later, he extended this work by differentiating air traffic 
                                                        
1 https://data.worldbank.org/indicator/IS.AIR.PSGR?end=2017&start=1990 
2 https://www.iata.org/pressroom/pr/Pages/2017-10-24-01.aspx 
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networks by scale, species and season (Neal, 2014). Fuellhart (2013) and Brueckner (2014) use BTS data 
to analyze multi-airport regions (MARs) in the US, disentangling the geographies of offer and demand 
in these MARs. Brownstein et al. (2006) and Colizza et al. (2007) use BTS data to study epidemiological 
networks as these are increasingly undergirded by air transport movements.  
 
Irrespective of the diversity of the topics addressed in these and in many other papers, it is clear that 
one of the drawing cards of the BTS sample as well as other major primary datasets is their alleged 
‘ground truth’. However, few of the data providers offer detailed info about how their data are sampled 
and treated. The data quality is therefore sometimes taken to be self-evident. The OAG (2019), for 
example, self-advertises as “the world’s most comprehensive and accurate real-time travel data” 
without disclosing further details on data collection, treatment and validation. Nonetheless, to date 
there has been little scrutiny of the alleged quality of these datasets (Boyd & Crawford, 2012; Poorthuis 
& Zook, 2017). Furthermore, the few data quality reports that have been provided tend to be published 
by the data providers themselves (Strohmeier, Martinovic, Fuchs, Schäfer, & Lenders, 2015; Zaveri et 
al., 2012), with a noteworthy example being a BTS 2005 report on aviation data modernization (US 
Department of Transportation & Office of the Secretary, 2005). The report determined that 69% of city 
pairs reported by the DB1B did not meet the Department’s accuracy criteria when using enplanement 
statistics as a validation benchmark. Although this does not necessarily imply that there is a data 
integrity or structural bias problem with the DB1B data, it does raise questions about how accurate the 
data are and what the nature of possible biases might be. Because the implications of using inaccurate 
data may be profound, it is of key importance for air transport researchers to map and understand such 
possible biases in these datasets. 
 
The purpose of this paper is to explore how potential biases in air transport datasets can be detailed. 
To this end, we develop a methodology that allows identifying possibly biased routes in datasets in an 
automated manner. Although our focus will be on validating the DB1B data, we present our 
methodology as a more generic approach that can be used in different contexts and applied to different 
datasets. To this end, the remainder of this paper is organized as follows. We start by outlining four 
important factors to consider when working with both the DB1B database and the Air Carrier Statistics 
(T-100) database (which we use to validate the DB1B database): collection, representation, inter-
mutability and nomenclature. We then use descriptive statistics to describe these DB1B and T-100 
databases, and propose a Jaccard-like index to identify biased routes. We conclude by demonstrating 
how route/database biases can impact research by means of a number of straightforward case studies, 
focusing on our understanding of the position of routes/airports in air transport networks. In a 
concluding section, we explain how this approach can be adapted to serve as a more generic tool for 
assessing route bias in air transport datasets.  
 
 
 
2. The Bureau of Transport Statistics (BTS) datasets 
 
2.1.  The Origin Destination Survey (DB1B) 
 
The DB1B survey is conducted continuously by all certified US carriers involved in domestic passenger 
operations. The database covers a “two-tiered” stratified 10% sample, following the 14 CFR part 241 
guidelines from the Department of Transport. Data coverage started in 1993, has been updated since, 
and groups data on a quarterly basis. One of the interesting aspects of this dataset is that it purports to 
show ‘real’ passenger movements rather than separate flights. In addition, as the DB1B database 
displays ticket information, it is possible to look at transfers, fare paid, booking class, intermediate stops 
and other passenger-related data (Goetz & Vowles, 2000; Vowles, 2001). 
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The DB1B database comprises three sets of info related with a single entry: Coupon, Ticket and Market 
(Figure 1). For example, consider the case of a passenger booking a return Ticket from Boston to 
Atlanta. The first leg of this trip involves a transfer at JFK, the second leg of the trip does not involve a 
transfer. In this case, BOS-ATL and ATL-BOS would be considered to be the Markets as the Boston-
based passenger effectively travels to Atlanta. Meanwhile, the BOS–JFK, JFK–ATL and ATL–BOS 
segments would be considered to be three individual Coupons. This concept derives from the classic 
coupon/ticket concept, where tickets were printed rather than available on a digital medium. 
 
Figure 1 – The concept of coupon, market and ticket in the DB1B database. 
 
According to the Department of Transportation (DOT), the data to be recorded centers on “lifted ticket 
flight coupons” (i.e. tickets issued by a travel agent, including online ticketing), and includes the 
following variables: “Point of origin, carrier on each flight-coupon stage, fare-basis code for each flight-
coupon stage, points of stopover or connection (interline and intraline), point of destination, number of 
passengers, and total dollar value of ticket (fare plus tax)” (US Department of Transportation, 2012). As 
mentioned above, the DB1B dataset is reported as a 10% sample. The randomization is done by carriers 
by selecting tickets with a serial number ending in zero so that the data collection procedure effectively 
involves a two-tiered stratified sample.  
 
However, the randomization methods used to build this sample are questioned by the DOT in its report 
(US Department of Transportation & Office of the Secretary, 2005). For example, its mentioned that 
“(s)ince ticket numbers are now assigned by a computer program, the possibility that ticket numbers 
are assigned for reasons other than randomness arises (…) (A) tour operator might use its block of ticket 
numbers to issue all the ticket numbers that end in the same digit to members of a particular tour, 
resulting in all those tickets being selected for the sample or excluded from the sample depending on 
which tour was assigned ticket numbers ending in zero”.  While the deviation from the 10% seemed to 
be small (i.e. in the 9-11% range) the same report does raise concerns regarding the representation 
and reliability of information of smaller markets in particular.  
 
Another potential issue associated with the DB1B database can be found in its definition of an Origin 
Destination (OD) flight. The common definition of an OD flight refers to a passenger traveling from the 
origin of the trip to the final destination of the trip, including all the intermediate flight stages. However, 
since the very beginning of the OD Destination Survey, the DOT has used a methodology called 
Directional Passenger Construction, which uses continuous direction of travel as its definition of ‘true’ 
OD. According to this methodology, a passenger is considered to be on a trip as long as the passenger 
continues in the same direction (i.e. North – South and East – West constitute different direction pairs). 
For example, on a trip from Albuquerque to Las Vegas with a stopover in Denver, the DOT would break 
the trip up into two individual trips due to the geographical position of Las Vegas in relation to 
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Albuquerque (US Department of Transportation & Office of the Secretary, 2005). Given the abundance 
of hub-and-spoke configurations in the organization of many air transport carriers’ networks (Campbell 
& O’Kelly, 2012; O’Kelly, 2016; O’Kelly & Miller, 1994; Park & O’Kelly, 2016), this definition may 
potentially render more commonsensical notions of a trip, transfer and OD flight inaccurate. A final 
challenge associated with this database is associated with the concept of passengers versus passenger 
trips. As reported by the DOT (US Department of Transportation & Office of the Secretary, 2005), 
passenger counts are taken to represent passengers scheduled to fly in that quarter. However, the 
DB1B bundles all travel on a ticketed itinerary in a single quarter (i.e. if a passenger leaves in December 
and returns in January, the ticket will be reported as if it took place in December and no passenger will 
be reported for the first quarter of the year). Collectively, these issues may affect how well the sample 
of observed tickets represent (our conceptions of) the characteristics of actual air travel, even though 
there are no data regarding how frequent or profound any of these effects are. 
 
2.2. The Air Carrier statistics dataset (T-100) 
 
In principle, directly validating sampled data relies on having a full dataset. This full dataset is not 
available, which implies that we have to resort to another dataset: the BTS Air Carrier statistics dataset 
(T-100). The T-100 dataset contains domestic and US-related international airline market and segment 
data. Certificated US air carriers have to report air carrier traffic information on a monthly basis, using 
the so-called Form T-100 to the Office of Airline Information, Bureau of Transportation Statistics 
(Bureau of Transport Statistics, 2019).  
 
The T-100 differs from the DB1B in several respects, starting from its time structure. In contrast to the 
DB1B, the T-100 database is grouped per month, while it represents a full sample and reports flights 
rather than individual or group tickets. Although it is less fine-grained than the DB1B dataset on a 
number of fronts, T-100 data is also often used in air transport research. By including all boarded 
passengers, it can help answering questions related with airport and carrier competition (Button & Lall, 
1999; Dobruszkes & Van Hamme, 2011; O’Kelly, 2016; Song & Yeo, 2017), and it has also been used for 
better understanding route level variations within multi-airport regions (Fuellhart, 2007; Fuellhart et 
al., 2013). 
 
The differences between the DB1B and T-100 datasets imply that using the latter full dataset to validate 
the former sampled dataset is not a straightforward exercise, a situation that is further complicated by 
the subtle differences in the terminology used to identify a Segment and a Market pair. The T-100 
database identifies a Segment as a non-stop flight, including diversions, flag stops, tech-stops, 
emergency landings, etc. This data is not flight number driven and referred to as “transported data”. 
However, Market data are flight number driven, which implies that if the flight number changes the 
market stops. Market data are often in research referred to as “enplanement data”. Figure 2, using 
fictional flight numbers, shows how a flight can be both part of the Market data and the Segment data. 
Flight, UA01 (BOS – ATL with a stop in JFK) and UA02 (ATL – BOS), both represent a market, as the flight 
number stays the same. However, it is important to note that someone could take flight UA01 for the 
first segment only (BOS – JFK), which would not appear in the T-100 Market dataset as the flight retains 
the same number. Flight UA02 (ATL– BOS), flight UA03 (BOS – JFK) and flight UA04 (JFK – ATL) all 
represent individual segments as they show take-off and landing. While this could pose a challenge in 
counting the number of passengers, by merging both segment and market databases routes, we can 
have insight into the available routes in the US. 
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Figure 2 - T-100 concept of Market and Segment (flight numbers are fictional). 
Taken together, while the data collection is broadly similar to the one used for DB1B, there are clearly 
also some relevant differences regarding the collection and segmentation of the data. For example, the 
T-100 database, rather than being a 10% sample, includes all available data. Other major differences 
relate to what is reflected in the data: whereas the DB1B reflects tickets that were effectively bought 
(i.e. the data is collected before a flight occurred), the T-100 reflects the exact number of passengers 
who boarded a flight (i.e. the data is collected after a flight occurred). However, as individual 
information is not reported in the T-100, it is difficult to infer information regarding transfers or ticket 
fares. 
 
2.3. Comparing the DB1B and T-100 datasets 
 
It is clear that, in part due to the differences in data collection procedure, the structure of the data, and 
the terminology the DB1B and T-100 databases are difficult to directly compare. Or, when cast in the 
context of this paper: the less detailed but full T-100 data cannot be directly used to validate the more 
detailed but sampled DB1B data. Fortunately, the key challenge in establishing connections between 
the two datasets is restricted to comparing passenger volumes on the same route. Although the 
terminology and data structure does not simply translate between these two datasets, it is possible to 
develop a method measuring the presence of a route throughout time in the DB1B dataset and 
comparing it with its presence in the T-100 dataset. However, this requires establishing a terminological 
comparison of the Segment/Market concepts in the datasets. 
 
Figure 3 shows a fictional passenger traveling between BOS and LAX. This passenger took two flights 
(i.e. UA01 and UA06), and transferred in ATL. Meanwhile, the first flight (i.e. UA01) had a stop in JFK, 
albeit that the passenger did not disembark the plane there. In the DB1B dataset, this passenger – if 
part of the sample – would be represented by two segments (i.e. BOS-ATL and ATL-LAX) and one market 
(i.e. BOS-LAX). However, in the T-100 dataset, the same passenger would be represented by three 
segments (i.e. BOS-JFK, JFK-ATL and ATL-LAX), and two markets (i.e. BOS-ATL and ATL-LAX). It would be 
tempting but incorrect to infer that the DB1B Segment and the T-100 Market are simply 
interchangeable, as for example the T-100 Market does not consider passengers boarded in JFK as they 
are not part of a Market. Given this, we can infer that the only pattern that can be directly compared 
between both datasets are the routes represented rather than the number of passengers. At the same 
time, it is important to understand that such a comparison is only possible when both the T-100 Market 
and Segment data are combined. This comparison relies on the principle that the T-100 Segment shows 
point-to-point routes, whereas the T-100 Market shows market segments. By merging the two 
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datasets, we capture all available routing options, and can compare these with information derived 
from the DB1B sample. 
 
 
Figure 3 - Segment and market concept in the DB1B and T-100 datasets 
 
3. Testing the randomness of the DB1B 10% sample 
 
To compare both datasets, we work with 11-year samples between 2005 and 2015 on a quarterly basis. 
The data are processed into networks using the R package SKYNET (Teixeira & Derudder, 2018). Both 
networks were transformed so that they are comparable in terms of their nodes and edges: we merged 
data as to produce matrices with undirected edges featuring the exact same sets of origins and 
destinations, carriers, and timeframes. Because the T-100 generated network includes the full sample 
of airports and routes, we intersected both networks to generate a T-100 adapted sample by retaining 
the largest connected component of the network. Due to the 10% sample characteristics of the DB1B, 
we multiplied the number of passengers by 10 to have a number that is comparable with the T-100. As 
routes represented in the DB1B database will in theory amount to 10% of the T-100 values, T-100 routes 
with less than 10 passengers per quarter are not likely enough to appear in the DB1B to make a 
meaningful comparison, and these were therefore excluded from the analysis. 
 
3.1.  Descriptive Statistics 
 
Figure 4 shows the number of edges (routes and passenger volumes) and nodes (airports) over time.  
The picture emerging here suggests a broadly consistent pattern for both databases, with the number 
of airports slightly decreasing and the number of passengers slightly increasing over time, except for 
the number of routes which remain stable in the T-100 database and decrease in the DB1B database. 
As can be expected, these longer-term trends are interspersed with cyclical year-long patterns with the 
first and fourth quarters having lower number of passengers (Bureau of Transport Statistics, 2017). 
Nonetheless, the number of routes is considerably higher and the number of passengers considerably 
lower in the DB1B dataset than in the T-100.  
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Figure 4 – Quarterly number of routes, airports and passengers (thousands) between 2005-Q1 and 2015-Q4 in the 
DB1B- and T-100 datasets. Note that for the airports graph, data between 2014 Q1 and 2015 Q4 is similar for the 
DB1B and T-100 databases. 
After testing for the presence of normal distributions by running a Shapiro-Wilks test, we calculated 
Pearson’s correlation coefficients between the same variable in both databases (e.g. number of airports 
per quarter in the DB1B against the same value for the same period in the T-100). We observe a strong 
correlation at the level of the airports (r = 0.9695, p < 0.001, Figure 4b) and passengers (r = 0.950, p < 
0.001, Figure 4a). However, this does not hold at the route level (r = 0.547, p < 0.01, Figure 4c). 
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Figure 5 – Correlation analysis of airports, passengers (thousands) and routes per quarter for T-100 and DB1B (CI = 95%). 
Taken together, it is clear that while the number of passengers and airports are roughly consistent in 
the DB1B and T-100 datasets, this is not the case for the number of routes. In addition to the low 
correlation, the number of routes in the DB1B dataset is consistently higher, which is implausible for a 
random sample (i.e. the number of routes remains consistent in the T-100 while it decreases with about 
10% in the DB1B during the period under analysis). Further analysis shows that when intersecting the 
two databases at the route level, we see that an average of 38% (min 33%-max 43%) of the routes 
found in the T-100 database cannot be found in the DB1B database in the corresponding period (Figure 
6). This pattern becomes even more compelling when selecting only routes with a number of 
passengers higher than the 75% quintile (which can be hypothesized to be more consistent and/or less 
prone to random effects) because even in that case an average of 15% (min 9% - max 22%) of the DB1B 
routes are missing from the T-100 database (Figure 7).  
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Figure 6 – Quarterly percentage of DB1B routes not present in the intersection between the DB1B and the T-100 Segment. 
 
Figure 7 – Quarterly percentage of DB1B routes no present in the intersection between DB1B and T-100 (combined Market and 
Segment) for the passenger quintile above 75%. 
 
4. Conceptualising a Jaccard-Like index – The Route Equality Ratio 
 
The above exploratory assessment of the data revealed that the main differences between the T-100 
and DB1B databases are route related. As the combination of the T-100 Segment with the T-100 Market 
database should in theory display all available routes, it can be inferred that any route exclusive to the 
DB1B should be considered to be inaccurate. With that in mind, we can assess and compare the 
presence of routes in both datasets over time in more detail. To this end, we develop a Jaccard-like 
index to identify how (un)evenly routes are covered in both datasets. In other words, our aim is here 
to capture and subsequently compare the presence of a route in the DB1B database with its presence 
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during the same period in the T-100 database. To this end, we develop the Equality Ratio (EQR) 
associating route frequency (RF) between any pair of airports in both datasets.  
 
The calculation of the frequency of route presence RF consists of two complementary parts. The first 
parts captures yearly frequency per quarter (i.e. to capture route seasonality), while the second part 
captures the quarterly presence per year (i.e. to capture dispersion over years). In Equation 1, we define 
Nyij as equal to 1 and Nqij equal to 0.25 when a route is present for any given pair ij of origin destination 
airports in both conceptions, respectively. As most routes tend to have a seasonal dimension 
(Burghouwt & de Wit, 2005; Mao et al., 2015; Rocha, 2017; Sun, Wandelt, & Linke, 2015), a heavier 
weight is given to the yearly presence per quarter (i.e. Nyij). The frequency of route presence between 
airports i and j (RFij) can then be calculated as follows: 
 𝑅𝐹#$ 	= 	∑ (∑ 𝑁𝑦#$),	∈	./	∈	0 |𝑌| + ∑ 4∑ 𝑁𝑞#$/	∈	0 6,	∈	. |𝑌|  
 
 
With: 
• RFij = Route frequency for routes between airports i and j 
• Y = Range of years 
• Q = Range of Quarters 
• 𝑵𝒚𝒊𝒋 = ;1, 𝑖𝑓	𝑡ℎ𝑒	𝑟𝑜𝑢𝑡𝑒	𝑒𝑥𝑖𝑠𝑡𝑠0, 𝑖𝑓	𝑡ℎ𝑒	𝑟𝑜𝑢𝑡𝑒	𝑑𝑜𝑒𝑠	𝑛𝑜𝑡	𝑒𝑥𝑖𝑠𝑡 
 
• 𝑵𝒒𝒊𝒋 = ;0.25, 𝑖𝑓	𝑡ℎ𝑒	𝑟𝑜𝑢𝑡𝑒	𝑒𝑥𝑖𝑠𝑡𝑠0, 𝑖𝑓	𝑡ℎ𝑒	𝑟𝑜𝑢𝑡𝑒	𝑑𝑜𝑒𝑠	𝑛𝑜𝑡	𝑒𝑥𝑖𝑠𝑡 
 
Equation 1 – Route frequency 
RFij ranges from 0 (never present in a dataset) to 5 (consistently present in a dataset), and is used to 
calculate the Equality Ratio, which is given by: 
 
 
EQRRS =
⎩⎪⎪⎨
⎪⎪⎧ 𝑅𝐹(𝐷𝐵1𝐵)𝑖𝑗𝑅𝐹(𝑇− 100)𝑖𝑗 					𝑓𝑜𝑟	𝑅𝐹(𝐷𝐵1𝐵)𝑖𝑗 < 	𝑅𝐹(𝑇− 100)𝑖𝑗		−𝑅𝐹(𝑇− 100)𝑖𝑗𝑅𝐹(𝐷𝐵1𝐵)𝑖𝑗 					𝑓𝑜𝑟	𝑅𝐹(𝐷𝐵1𝐵)𝑖𝑗 > 		𝑅𝐹(𝑇− 100)𝑖𝑗
 
 
With: 
• EQRij = Equality Ratio for routes between airports i and j. 
 
Equation 2 - Equality ratio 
EQRij ranges from -1 to +1, with a value of 1 representing a perfect match (i.e. consistent route 
presence/absence in both datasets) and negative values indicating a higher frequency of route 
presence in the DB1B than in the T-100. If the DB1B dataset would be an unbiased sample, we would 
expect high positive values converging on a value of +1. 
 
Table 1 shows some examples of routes and their associated RF and EQR values. If we take the example 
of ABE-CLE, which has an RF equal to 2.39 in the DB1B database, we can infer that the route tends to 
be fairly but not consistently present. In the T-100 database, this route has a RF equal to 3.5, which 
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implies that the route has been almost always present across years and seasons. For the ABE-CLE 
example, this produces an EQR equal to 0.68, which captures that the frequency for that route is not 
the same for the two databases. Some of the other routes (e.g. ABE-ATL) are consistently present in 
both datasets and have the expected value of EQR of 1, but it can be seen that for quite a large number 
of routes the EQR is indeed not equal to 1. A systematic appraisal of EQR across airports allows assessing 
how well both databases match (or don’t). 
 
Origin Destination DB1B frequency T-100 frequency Equality ratio 
ABE     ATL        5 5 1 
ABE     AVP 2.72 1.70 -0.62 
ABE     BOS 0.1 1.1  0.1 
ABE     CLE 2.39 3.5 0.68 
ABE     CLT 5 5 1 
ABE     CVG 1.7 1.7 1 
 
Table 1 – Route frequency in DB1B and T-100 and the associated EQR, for first 6 alphabetically ordered routes by origin and 
destination.  
In Figure 8, which shows the distribution of EQR values for all sampled routes between 2005 and 2015, 
we can observe that over 40% of the routes (shown in blue), have an EQR lower than 0.85. Even though 
an EQR of 1 is by far the single largest value, which suggests that there is indeed a fair share of routes 
that is consistently covered in both datasets covering 45% of all routes, there is no convergence on 1. 
Furthermore, there is a substantial number of routes with an EQR < 0. Overall, then, we find that routes 
are either consistently covered (the grey bar to the right in the EQR range) or exhibit different and 
seemingly almost random presences in both databases (the distribution in the remainder of the EQR 
range). As can be expected, this is slightly less the case for the busiest routes: routes with RF values of 
5 – think: JFK-LAX or ORD-SFO – do more often result in EQR values of 1. 
 
 
Figure 8 – Histogram of percentage of routes observed by EQR for all sampled routes between 2005 and 2015.  
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5. Assessing the impact of using biased data 
 
Although almost half of the routes in the DB1B sample are indeed coherently present in time and space, 
this also implies that more than half of the routes in the DB1B sample do not coherently reflect actual 
routing in space and time. In addition, there is no convergence in EQR on 1, which suggests that some 
routes in the DB1B dataset have no real-world meaning. To describe the potential impact of this issue, 
we explore what it this may mean in practice for two types of air transport research: airport focused 
research and route focused research.   
 
5.1. The potential impact on airport focused research 
 
While it can be expected that some of the lower passenger volume routes may not be present in the 
DB1B due to its 10% sample characteristics, below we will demonstrate that even some of the busiest 
routes are not always represented in both DB1B and T100 databases. Table 2 shows the mean EQR for 
seven airports of varying importance alongside other information that is relevant to reflect on the 
potential impact of the ‘ghost routes’, i.e. routes present in the DB1B but not in the T-100 database. 
The table shows, for example, that an airport such as LAX with more than 25 million passenger 
departures per year in 2015 had almost 50% of its unique routes in the DB1B dataset not regularly 
matching the routes present in the T-100 database. 
 
Airport Passenger 
(departures 
for 2015 in 
thousands) 
Equality 
ratio 
(mean) 
Equality ratio 
(standard 
deviation) 
% routes with 
EQR = 1 
Total number of 
unique routes 
(incoming and 
outgoing) 
Hartsfield-Jackson Atlanta 
International (ATL) 
44319 0.801 0.510 72.48 447 
Chicago O’Hare 
International (ORD) 
30661 
 
0.806 0.491 74.29 389 
Dallas/Fort Worth 
International (DFW) 
27914 
 
0.761 0.563 71.39 395 
Los Angeles International 
(LAX) 
26854 
 
0.514 0.699 48.61 323 
Denver International (DEN) 25521 
 
0.684 0.628 64.07 437 
Phoenix Sky Harbor 
International (PHX) 
20773 
 
0.623 0.611 55.05 287 
Charlotte Douglas 
International (CLT) 
20719 0.805 0.509 74.23 291 
 
Table 2 – EQR for 7 busiest airports by volume of departed passengers (domestic flights only) in the US (2005-2015) 
There are several papers in the literature dealing with the impact and relevance of specific routes for 
airports (Goetz, 1993; Goetz & Vowles, 2000; Wei & Grubesic, 2016). Analyzing an airport that has a 
substantial number of ‘ghost routes’ entails that the research question is tackled with skewed data and 
may subsequently affect the researcher’s final conclusions. Research on Multi Airport Regions (MARs) 
is one research area where airport-level variations in routes are tackled (Brueckner et al., 2014; 
Fuellhart, 2007; Fuellhart et al., 2013; Fuellhart, Ooms, Derudder, & O’Connor, 2016). Brueckner 
(2014), for example, provides a methodology looking at the effects of competition on airports in MARs 
by drawing on DB1B data. Although it is not clear which routes were used and how these are affected 
by the pattern described here, and although we acknowledge that Brueckner (2014) filtering the data 
by removing routes shorter than 200 miles and with less than 10 passengers per each way may have 
tackled some the issues raised here, some of the airports analyzed do display a high percentage of 
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routes with a low-quality EQR. Meanwhile, Fuellhart (2013) looks at route-level passenger variations 
within three multi-airport regions (i.e. Boston, San Francisco and Washington). While the data he used 
was retrieved from the T-100 database, it is nevertheless clear that there would be an impact if DB1B 
data would be used to answer similar questions. For example, we can observe that all the largest 
airports within these three areas have a high percentage of low-quality routes (i.e. BOS – 18,7%, SFO – 
32%, IAD – 23,04%). 
 
5.2. The potential impact on route focused research 
 
Our analysis reveals that between 2005 and 2015 there are 782 unique routes with more than 137 
passengers per day (one way) where their frequency in the DB1B database is higher than in the T-100 
(the threshold was calculated by selecting routes with passenger volumes above the second quintile).  
 
At the level of the routes, there are two important elements to consider. The first one resides in the 
assumption that as the DB1B is a 10% sample, it is expected that some – especially: smaller – routes 
may end up being missing from that database. However, we can assume that the opposite is in principle 
not possible as the T-100 Segment and Market should include all available non-stop or flight number 
dependent routes. The second element is the number of passengers shown for a particular route. While 
some small differences are expected due to the characteristics of the sampling, it is hard to assess the 
number of passengers represented on a route due to the way in which the data is collected (i.e. ticket 
collected vs passengers flown), but most importantly due to not being able to compare the number of 
passengers in the 10% sample with a full dataset. The literature shows several papers studying the 
impact and relevance of routes on the economy, in terms of competition, or as a way of understanding 
people’s movements (Dresner, Lin, & Windle, 1996; Neal, 2014; Vowles, 2001). In such research routes 
are not aggregated per airport, but scrutinized individually which makes research even more vulnerable 
to the effects of routes being overrepresented in the DB1B database. With this in mind, it becomes 
crucial to understand if a route is over-represented (i.e. its frequency is higher in the DB1B than in the 
T100 database). To explore this issue, we selected three routes (i.e. BPT-IAH, OTH- SFO, MSP-PSP) based 
on our preliminary finding that their presence was higher in the DB1B than in the T-100 database. When 
looking at the BPT (Beaumont/Port Arthur, TX) – IAH (Houston, TX) route, we can see that for 2012 Q4, 
2013 Q1, 2014 Q1, 2014 Q3, 2015 Q2 and 2015 Q4, there were no results in the T-100 database, while 
the DB1B does show results for that route. While the passenger average per month is low (i.e. 
approximately 170 per quarter) in 2012 Q4, the route showed 640 passengers in the DB1B. In the case 
of the route OTH (North Bend/Coos Bay, OR) – SFO (San Francisco, CA) we can see a similar pattern. 
Despite having a more constant presence, it is possible to observe in both databases that this route was 
being served by SkyWest Airlines (OO), but it is only in the DB1B that this same route emerged as being 
operated by United Airlines (UA) and Continental Airlines (CO). Although it is known that SkyWest often 
flies for United (Wickham, 2011), this does not explain United’s absence in the T-100 database. 
However, it is important to notice as well that 2011 Q4 shows 7297 passengers flying the OTH – SFO 
segment for the T-100 and 9090 passengers for the DB1B. Assuming that these are direct flights it is 
difficult to understand the extra carriers and the different number of passengers shown between both 
databases.  
 
The issue becomes even more compelling but complex, when analyzing our last example: the route 
between MSP (Minneapolis/St. Paul, MN) and PSP (Palm Springs, CA). Table 3 shows a rough 
comparison between the three datasets. The presence of Northwest Airlines (NW) in the DB1B 
database and its absence in the T-100 can easily be explained by its end of operations on the 31st of 
January 2010 and its subsequent merger with Delta Airlines (DL) (Luo, 2014). However, Sun Country 
Airlines (SY), with its main hub in MSP, displays more passengers for a segment which is similar in 
number of passengers for both the T-100 Segment and Market datasets. On Sun Country Airlines 
website (Sun Country Airlines, 2018), it can be read that they offer non-stop flights between both 
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airports except for the earlier-mentioned “roll-over” behavior where a passenger can see its ticket 
being changed to another carrier.  
 
 
Operating Carriers AA DL NW SY UA 
DB1B 140 15850 430 9930 - 
T-100 Segment - 17063 - 9633 - 
T-100 Market 163 16677 - 9633 291 
 
Table 3 - passengers for route MSP - PSP, 2010 Q1 
The uneven presence of routes can, for example, have an impact in research that looks at route 
competition in the US (Bania, Bauer, & Zlatoper, 1998; Borenstein & Rose, 2002; Morrison & Winston, 
1990). While airline mergers and “roll-over” effects can impact the observed data (e.g. the already 
mentioned NW merger with DL), some of the overrepresented values in the DB1B database cannot be 
directly and easily explained. Nonetheless, tagging routes based on their EQR can be used as a means 
of understanding if they can be directly used in research or if further scrutiny is needed. 
 
6. Discussion and final remarks 
 
The primary focus of this paper has been to explore potential biases in the DB1B database, the source 
of some of the most commonly used datasets in air transport research. To this end, we developed a 
methodology that allows identifying possibly biased routes: a Jaccard-like index was proposed to 
compare route presence in the DB1B data against a route presence database derived from T-100 data. 
Importantly, this approach implies that our methodology has broader purchase in that it can be cast as 
a more generic approach to validate route presence in different contexts and applied to different 
datasets: our proposed EQR algorithm can – in this or an amended form – be used to identify potentially 
biased routes in other databases as well.  
 
To the best of our knowledge, the DB1B database has not yet been validated with the partial exception 
of an earlier and equally critical BTS self-assessment. One reason for this is that validating the DB1B 
database is not straightforward because of a range of differences with other BTS datasets. As we have 
discussed in this paper, there are four important factors to consider when comparing the BTS 
databases: Collection – how are the tickets collected and sampled? Representation – does the data 
reflect the final results (i.e. does it represent a passenger boarding a flight or the ticket bought by a 
passenger)? Inter-mutability – can data be transferred between the DB1B and T-100 datasets? And 
nomenclature – do variables with the same name mean the same thing in both datasets? By coherently 
considering the above factors, it became possible to assess validate the DB1B database using T-100 
data. 
 
Our main findings are that (1) although roughly half of the routes in the DB1B dataset are consistently 
present in the T-100 dataset there are also many inconsistent routes, and (2) that although this issue is 
present across routes and airports this is somewhat less pronounced for important routes and airports. 
Our research is able to identify some of the issues with the DB1B data, but is if course not able to shed 
light on the source(s) of the issues, even though the BTS self-assessment and some of the route level 
bias examples discussed in the previous section offer some suggestions. That said, the purpose of this 
paper has not been to invalidate the DB1B database or its potential relevance: its level of detail, 
consistency, wide longitudinal range, and free availability alone imply that it remains a premier data 
source for air transport researchers. Other data sources often costs tens of thousands of dollars or are 
locked behind confidentiality agreements for data usage (Huang, Wu, Garcia, Fik, & Tatem, 2013), 
making it almost impossible to unlock these for research purposes.  
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Follow-up research can focus on potential solutions to the issues raised here. One preliminary 
suggestion is to use our method to isolate potentially biased routes and the validate these using 
secondary sources. For example, researchers could flag routes with an EQR < 0.85, and then use airlines’ 
websites or other secondary sources to cross-check the actual presence of the route. Another 
possibility is to add our method to existing frameworks (e.g. TensorFlow, Keras, Torch), mostly in the 
domain of Machine Learning, to build a full dataset (e.g. Abadi et al., 2016; Chollet François, 2015; 
Collobert et al., 2016). As our method looks at route presence and potentially frequency rather than 
passenger volume, EQR scores can be used to label routes in order to be later used by machine learning 
algorithms to “fill in” missing values by using different imputation methods (Batista & Monard, 2003; 
Biessmann, Salinas, Schelter, Schmidt, & Lange, 2018; Schafer & Olsen, 1998).  
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